Transcriptional changes in Friedreich's ataxia (FRDA), a rare and debilitating recessive Mendelian neurodegenerative disorder, have been studied in affected but inaccessible tissues-such as dorsal root ganglia, sensory neurons and cerebellum-in animal models or small patient series. However, transcriptional changes induced by FRDA in peripheral blood, a readily accessible tissue, have not been characterized in a large sample. We used differential expression, association with disability stage, network analysis and enrichment analysis to characterize the peripheral blood transcriptome and identify genes that were differentially expressed in FRDA patients (n ¼ 418) compared with both heterozygous expansion carriers (n ¼ 228) and controls (n ¼ 93 739 individuals in total), or were associated with disease progression, resulting in a disease signature for FRDA. We identified a transcriptional signature strongly enriched for an inflammatory innate immune response. Future studies should seek to further characterize the role of peripheral inflammation in FRDA pathology and determine its relevance to overall disease progression.
Introduction
Friedreich's ataxia (FRDA, OMIM 229300) is a rare autosomal recessive disorder characterized by progressive ataxia, significant loss of motor control, cardiomyopathy and diabetes. The disorder is usually caused by an intronic trinucleotide (GAA) repeat expansion in the highly conserved gene frataxin (FXN, ENSG00000165060), whose protein product is essential to the formation of iron-sulfur cluster complexes. These complexes are necessary for the proper functioning of a large number of proteins, particularly those involved in mitochondrial metabolism. FRDA is a result of FXN haploinsufficiency, and complete loss of FXN is embryonic lethal (1) . FRDA patients exhibit a 70-80% reduction of FXN expression levels compared with unaffected individuals (2) . Heterozygous expansion carriers exhibit a modest reduction in FXN expression and do not develop clinical symptoms.
FXN deficiency causes a number of pathologies at the cellular level (reviewed in 3) . A large build up in mitochondrial iron and reduced function of antioxidant proteins lead to an increase in reactive oxygen species, which lead to severe oxidative stress characterized by damage to proteins, DNA and lipid membranes. These effects can ultimately lead to degeneration and cell death, particularly in post-mitotic cells with very high metabolic activity, such as large neurons, cardiomyocytes and pancreatic islet cells (4) , but many of the affected pathways are universal to the function of all eukaryotic cells, and a more subtle transcriptional response may be present in peripheral tissues not clinically involved, but readily available for study in large cohorts. In addition, because FRDA results in severe metabolic stress and eventual loss of cells of the peripheral and central nervous system, this may lead to a peripheral immune response that can be detected at the level of gene expression in blood immune cells. To explore these hypotheses, we collected the largest series to date of RNA from peripheral blood from FRDA patients, carriers, and controls, and performed microarray-based gene expression analysis. We identified an inflammatory disease-associated signature which in part overlaps with previous datasets from patients and animal models. The entire dataset is available to the FRDA community in a web-based application (REPAIR) for data mining and additional analyses.
Subjects and Samples
A total of 739 subjects were enrolled at two sites, UCLA and the Children's Hospital of Philadelphia (CHOP). Table 1 provides a basic summary of the demographics of the subjects. Subjects were divided into three groups based on clinical diagnosis. Patients were those subjects clinically diagnosed with FRDA (n ¼ 418) and in most (90.6%) the approximate number of GAA repeats in the FXN gene was also determined via PCR (5) to serve as molecular confirmation, as well as an indirect measure of disease severity. Eighteen patients were compound heterozygotes with one repeat expansion and one loss-of-function point mutation in FXN (Supplementary Material, Table S1 ). Carriers were those subjects carrying one expanded FXN allele and one normal allele (n ¼ 228). Most carriers were parents of patients, who are obligate carriers. Control subjects consisted of individuals known not to have any relatives with FRDA. Because carriers and controls are phenotypically indistinguishable, we checked blood frataxin levels in 95 enrolled controls (6) and excluded 2 subjects with frataxin levels lower than the range observed in homozygote expansion carriers, leaving 93 controls for further analyses.
Results

Differential expression
In order to identify a peripheral signature related to FRDA pathology, we fit linear models for each transcript. At a cut-off of log 10 Bayes factor > 0.5 (log BF, see Materials and Methods) comparing the alternative model containing disease status to the null model without it, after accounting for a number of potential confounders (see Materials and Methods and Supplementary Material, Figs S1 and S2), 1115 transcripts were significant for the effect of disease status across all three groups. To identify transcripts that were significantly differentially expressed (DE) across pairwise comparisons, we computed posterior probabilities and identified transcripts for each pairwise comparison where the posterior probability (pp) of differential expression was greater than 0.95 (see Materials and Methods). The global false discovery rate (FDR) for each set of DE transcripts in each comparison was also computed as described in Materials and Methods. Of the 1115 transcripts identified as being significantly affected by disease status, 829 transcripts were DE between patients and controls (global FDR ¼ 0.012), 1078 between patients and carriers (global FDR ¼ 0.0017) and 182 between carriers and controls (global FDR ¼ 0.018) (Fig. 1, Table 2 , Supplementary Material, Table S2 ). The observation that more genes were DE in patients versus carriers compared with patients versus controls is likely due to the much larger number of carriers (228) compared with controls (93), which provides stronger statistical support to small expression changes.
Regression with clinical phenotypes
Several phenotypic measures can be used to quantify disease severity in FRDA patients. A direct clinical measure is the functional disability stage (FDS) score developed for the Friedreich's ataxia rating scale (FARS) (7), which rates patients on a scale from 0-6 based upon their mobility, with 0 indicating no impairment and 6 complete disability. Two less direct measures of disease severity are the disease duration in years and the size of the shorter GAA repeat expansion in patients, GAA1. We used linear modeling to identify transcripts with significant positive or negative linear relationships with each phenotypic measure. At a cut-off of log BF > 0.5, comparing the alternative model with the phenotypic measure to the null model without it, we identified 1508 transcripts significantly associated with FDS (global FDR ¼ 0.0028, Fig. 2 , Table 3, Supplementary Material,  Table S3 ), 280 transcripts significantly associated with GAA1 (global FDR ¼ 0.0043) and 13 transcripts significantly associated with disease duration (global FDR ¼ 0.006). In all three analyses, all genes with log BF > 0.5 also had a pp > 0.95.
Enrichment analysis of DE and FDS-associated genes
We used enrichment analysis to identify biological pathways that were significantly overrepresented in DE or FDS-associated genes (Fig. 3) . In genes that were significantly upregulated in patients compared with carriers and controls, we identified a very strong enrichment for one specific process: neutrophil degranulation (patient vs. control: 58 genes, log BF ¼ 22.2, patient vs. carrier: 70 genes, log BF ¼ 26.6). There was weaker enrichment for downregulated genes in general, with the strongest term relating to T-cell differentiation (patient vs. control: 12 genes, log BF ¼ 6.26, patient vs. carrier: 14 genes, log BF ¼ 6.67). This enrichment is supported by the presence of numerous T-cell marker genes (CCR7, CD8A, GZMK, CD3D, CD27) in the most downregulated genes in patients. These results indicate the presence of subtle but robust changes in peripheral blood gene expression associated with the presence of a pathogenic mutation in FXN. Remarkably, enrichment analysis identified the same top term for genes positively associated with FDS: neutrophil degranulation (38 genes, log BF ¼ 5.78). Negatively associated genes had weaker overall enrichment, which was primarily centered around RNA processing (mRNA splicing: 39 genes, log BF ¼ 4.28; tRNA modification: 12 genes, log BF ¼ 3.8; rRNA modification: 32 genes, log BF ¼ 3.25). Although not significantly enriched, several of the most negatively associated genes (CD79A, GZMB) are also lymphocyte marker genes, recapitulating the decrease in similar genes seen in differential expression.
Overlap with other datasets
Gene expression changes associated with frataxin deficiency have previously been studied in a number of models, including transgenic mice, as well as peripheral blood. Two human datasets from peripheral blood (GSE11204, GSE30933, see Supplementary Material for descriptions of each dataset), and one mouse dataset (RNAi mouse) (8) were analyzed using the same differential expression workflow used with our data. We considered upregulated (log FC > 0) and downregulated (log FC < 0) transcripts separately (or positive and negative regression coefficients for FDS-associated transcripts) and the overlaps were computed for patients versus controls, patients versus carriers and FDS regression in each direction of change. Thirteen comparisons had a log BF greater than 0.5 ( Fig. 4) , indicating that our DE and FDS-associated genes were significantly enriched for genes enriched in differential expression in other datasets. In all cases, the overlap was only observed in the upregulated genes. Six of the enriched comparisons originate from the patient versus control and carrier versus control contrasts from a previously published peripheral blood dataset (GSE30933), while the other seven enrichments are seen in DE genes in heart tissue collected at several developmental timepoints in a novel mouse model of FRDA (8) . No enrichment was observed for the other previously published peripheral blood dataset (GSE11204). There was also no enrichment observed in DE genes in cerebellum and dorsal root ganglion (DRG) tissue collected from the same mouse model (Supplementary Material, Fig. S3 ).
Weighted gene coexpression network analysis (WGCNA)
WGCNA is a powerful method for the identification of groups of coexpressed transcripts (9) (10) (11) (12) . We first identified modules in our dataset, then used module eigengenes (see Materials and Methods) as summary measures for each module to determine if any modules were significantly different across our diagnostic groups, or related to disease progression, using the same linear model designs as in the previous analyses.
Diagnosis
First, we assessed the relationship with diagnostic groups. We identified seven distinct coexpression modules in the complete dataset ( Fig. 5A and B, Supplementary Material, Table S4 ). Three of the seven modules had a log BF > 0.5 for the alternative model compared with the null (Fig. 5C ): pink (log BF ¼ 2.17), green (log BF ¼ 1.38) and black (log BF ¼ 1.67). To identify the specific pairwise differences in the eigengene values, we also computed posterior probabilities and FDRs for the contrasts previously described for differential expression (patient vs. control FDR ¼ 0.0015, patient vs. carrier FDR ¼ 0.0017). The pink module eigengene was significantly higher in patients than in controls (log FC ¼ 0.011, pp ¼ 0.994) and carriers (log FC ¼ 0.012, pp ¼ 1.0), while no difference was observed between carriers and controls. The green module eigengene was also higher in patients compared with controls (log FC ¼ 0.012, pp ¼ 0.998) and carriers (log FC ¼ 0.009, pp ¼ 1.0). Conversely, the black module eigengene was significantly decreased in patients compared to controls (log FC ¼ À0.008, pp ¼ 0.970) and carriers (log FC ¼ À0.012, pp ¼ 1.0). The top hub genes in each module are listed in Table 4 .
Functional disability stage
We also used WGCNA to identify groups of coexpressed genes correlated with FDS. Using the same subset of patients as in the regression with FDS, we identified eight modules ( Fig. 6A and B, Supplementary Material, Table S5 ), and used the same linear model designs described for regression with FDS to determine if any eigengenes were significantly associated with FDS. Three modules had a log BF > 0. Table 5 . Remarkably, the top three hub genes of the magenta module are the same as the top three hub genes of the pink module from the status network, and two of the top three hub genes in the yellow module are shared with the black module in the status network.
Enrichment analysis of significant modules Similar to the approach taken with DE and FDS-associated genes, we used enrichment analysis to identify biological pathways which were overrepresented in our significant WGCNA modules (Fig. 7) . In the status network, the pink module was highly enriched for neutrophil degranulation (43 genes, log BF ¼ 12.0), the same process seen in upregulated genes in differential expression and genes positively associated with FDS. The green module exhibited even stronger enrichment for neutrophil degranulation (156 genes, log BF ¼ 38.8). The likely reason the green module is separate from the pink module is that the green eigengene is slightly increased in carriers, while the pink module shows no difference between carriers and controls. Finally, the black module, while showing weaker enrichment overall, did contain a large number of genes involved in rRNA modification (49 genes, log BF ¼ 1.47).
In the FDS network, we found that the magenta module was strongly enriched for the same inflammatory response, neutrophil degranulation (75 genes, log BF ¼ 14.2), as seen in the pink module in the status network. Enrichment analysis of yellow module indicated enrichment for rRNA processing (44 genes, log BF ¼ 2.98) and the mitochondrial respiratory chain complex (20 genes, log BF ¼ 1.89). Finally, the red module was strongly enriched for translation, especially mitochondrial translation (27 genes, log BF ¼ 4.44).
Cell type deconvolution
Changes in cell type composition could in theory explain some of the changes in gene expression we observed between patients, carriers, and controls and with FDS. The availability of cell-type specific transcriptomes in well-studied tissues such as peripheral blood has led to the development of tools to estimate the proportion of cell types in a sample known to contain a mixed population of cells. We used the CellMix tool (13) with an existing cell-type specific peripheral blood dataset (14) to estimate cell type proportions in our full dataset (patients, carriers and controls) and the subset of FRDA patients we used for regression of gene expression with FDS, after regressing out the effects of collinear variables.
After comparing cell type proportions in our three disease status groups, only the proportion of natural killer cells was significantly different (log BF ¼ 2.45, Fig. 8 ) and pairwise testing found the proportion underwent a small but significant decrease in patients compared with both carriers and controls (patient vs. control: diff. ¼ À0.0159, pp ¼ 1.0; patient vs. carrier: diff. ¼ À0.0094, pp ¼ 0.999). We also regressed cell type proportion with FDS but found no significant associations (Supplementary Material, Fig. S4 ).
qPCR and array validation
We validated the differential expression changes of the top three DE genes between patients and controls, MMP9, DYSF and ANPEP, using quantitative polymerase chain reaction (qPCR) in 32 patients (including 21 additional samples not previously included in the analysis) and 32 age and sex-matched controls (including 16 new samples, Fig. 9 ). We also analyzed the corresponding array data for samples for which this was available (14/32 controls and 22/32 patients). In the qPCR data, there were no significant differences between patients and controls for MMP9 (P < 0.08, log FC ¼ À0.0006, Mann-Whitney U-test), DYSF (P < 0.76, log FC ¼ 0.022) or ANPEP (P < 0.26, log FC ¼ À0.007). In the corresponding array data, MMP9 was significantly increased in patients (P < 0.013, log FC ¼ 0.92), while ANPEP (P < 0.13, log FC ¼ 0.41) and DYSF (P < 0.34, log FC ¼ 0.15) were upregulated but did not reach statistical significance. These results show that we have biologically validated our results with a small number of independent microarrays, but that qPCR is less powered to detect small expression differences between patients and controls, likely because of small sample size and noisier quantification.
Discussion
We report the first large-scale analysis of peripheral gene expression in patients with FRDA, heterozygous mutation carriers and controls. After conservative data processing and strict statistical thresholds, we identified the transcripts with either robust differences between patients and controls, or correlated with FDS (Tables 2 and 3 ). In addition, network methods identified coordinated groups of genes with biological significance. The most striking finding across our analyses was the robust enrichment for increased expression in patients of inflammatory genes, particularly those involved in neutrophil degranulation, an important innate response to tissue injury and infection which has also been implicated in chronic inflammation (15). It is not possible to determine from this data whether the inflammatory response observed peripherally is part of the disease pathogenesis, or merely a response to stress induced by FXN deficiency. In other chronic inflammatory disorders, activation of neutrophils and other components of the innate immune response is a key component of the disease (16) . A growing body of literature also supports the involvement of both innate and adaptive immune responses in neurodegeneration, including Parkinson's disease, Alzheimer's disease and frontotemporal dementia (17) . Many of our top DE genes and network hub genes are clearly linked to the innate immune response. These include several peptidases (MMP9, ANPEP, MME), a regulator of peptidase activity (PI3), two carbonic anhydrases (CA1, CA4) and genes regulating neutrophil degranulation (NCF4, DYSF, STX3).
We also identified a strong enrichment for a decrease in transcription and translation associated with FRDA, both when comparing patients to controls and carriers, and when examining the relationship with disease severity. Our DE genes and hub genes include RPL14, a ribosome component, as well as a chaperone protein (TTC4), and an rRNA processing gene (DDX47). It has long been known that oxidative stress, like that induced by FXN deficiency, leads to a decrease in translation (18) , which may explain these changes.
Several of our DE or hub genes have been identified as being relevant to other neurodegenerative disorders. Both PROK2 and AQP9 were identified as being DE in peripheral blood in Huntington's disease (19) . Mutations in dysferlin (DYSF) have been identified as a cause of limb-girdle muscular dystrophy (20) , and mutations in alpha-synuclein (SNCA) have been identified in familial cases of Parkinson's disease (21) . However, the relevance of these genes to the pathology of FRDA cannot be ascertained from this study.
We observed a fairly consistent overlap with our previous independent peripheral blood study including 41 subjects. The GSE11204 dataset, while also partly collected in peripheral blood (the part of the dataset collected from cell lines was not analyzed because phenotypic data were not available), was severely confounded by batch effect which might explain the poor overlap. The intriguing overlap with genes that are DE in the heart of a novel mouse model for FRDA may indicate there are some similar inflammatory processes occurring in the heart. We speculate that the complete lack of overlap with corresponding CNS tissues (DRG and cerebellum) in the same FRDA mouse model is caused by large differences in structure and function between cells of the CNS and peripheral blood and the smaller number of genes identified as DE in CNS tissues of the mouse model compared to the heart.
The detection of large numbers of genes significantly associated with FDS is intriguing given that this is a high-level clinical measurement and was collinear with age (whose effects were removed from the data before regressing with FDS). Although it is less sensitive than FARS, FDS is easier to collect in large series, and is a fairly direct measurement of disease severity, so it is biologically plausible that genes would be positively or Annotations provided by GeneCards (RRID: SCR_002773), UniProt (RRID: SCR_002380) and Entrez Gene (RRID: SCR_002473). kME ¼ correlation of gene with module hub gene.
negatively associated with it. We were also intrigued to note that the same inflammatory response which appears to differentiate patients from controls and carriers is also positively associated with disease severity. By contrast, the enrichments seen for downregulated genes in patients and genes inversely associated with severity were generally weaker, though still consistently including transcription. The relatively poor detection of genes associated with GAA1 or disease duration is likely to due to several issues. Both measures were collinear with age and are not direct measures of disease severity. Furthermore, somatic mosaicism may introduce differences in GAA1 length in blood compared with affected tissues such as the spinal cord, heart or pancreas.
Although we found enrichment for a number of cell typespecific signatures in our data, cell type deconvolution revealed no change in proportion of neutrophils as estimated from gene expression data, leading us to hypothesize that the large increase in neutrophil degranulation persistently seen across different analyses is not due to an absolute change in neutrophil count. We observed only a small decrease in natural killer cells in patients, which may explain the decrease in lymphocyte activation observed in differential expression, although alterations in adaptive immune responses have been observed in neurodegenerative disease (17) . Complete blood cell counts should be used to properly characterize what changes, if any, occur in cell type composition, and cell-type specific transcriptomes, especially of neutrophils, should be generated to identify which genes are undergoing changes in expression in individual blood cell types.
It is also important to recognize the limitations of studying a neurodegenerative disease like FRDA by quantifying gene expression in peripheral blood. The fold changes and regression coefficients with FDS we observed are quite small in magnitude when compared with what is typically observed in model systems and post-mortem studies. Due to the scale of the study, we were not able to control some factors associated with the sample collection that could increase the variability in our gene expression signal, such as fasting, exercise and the time of day the sample was collected. We cannot determine conclusively whether these factors may have confounded our study but we anticipate that they would likely reduce our power to detect effects, making our results more conservative.
The inflammation occurring in FRDA is not an acute response to an infection or a traumatic injury; instead it is likely to be similar to the chronic low-grade inflammation observed in other neurodegenerative and inflammatory disorders (17) . Our large sample size and rigorous correction for potential confounders have provided the statistical power to identify a broad inflammatory signature. No individual gene can fully quantify the inflammatory response and other cellular pathology, but in aggregate these genes provide insights into the effects of FXN deficiency. A further strength of our large sample size is that we can capture more of the genetic variation across FRDA patients than is logistically feasible in model systems and post-mortem studies, which makes our results relevant for a broader range of patients.
Future studies of FRDA in humans should characterize the peripheral inflammatory state of FRDA patients, and seek to identify whether this inflammation contributes to the pathology of the disease, or is merely a response to stresses induced by it. In particular, proteomic cytokine profiling and immune cell activity assays could provide valuable biomarkers beyond gene expression.
Materials and Methods
The full pipeline and code used for all of the analyses is available on Github (https://github.com/coppolalab/FRDA_pipeline) and a summary is provided in this section.
RNA collection and microarray hybridization
Peripheral blood was collected in Paxgene tubes and frozen before RNA extraction, which was performed using a semiautomated system (Qiacube). Subjects were not specifically instructed to fast or refrain from exercise, and the time of collection was not uniform. RNA quantity was assessed with Nanodrop (Nanodrop Technologies) and quality with the Agilent Bioanalyzer (Agilent Technologies), which generated an RNA integrity number (RIN) for each sample. Total RNA (200 ng) was amplified, biotinylated and hybridized on Illumina HT12 v4 microarrays, as per manufacturer's protocol, at the UCLA Neuroscience Genomics Core. Slides were scanned using an Illumina BeadStation and signal extracted using the Illumina BeadStudio software (Illumina, San Diego, CA). 
Array preprocessing
Array preprocessing was performed using the standard pipeline from the lumi package (22) , which is designed specifically for Illumina microarrays. Raw intensities were normalized using variance-stabilized transformation (23) and interarray normalization was performed with robust spline normalization. A total of 17 outliers were removed from the full dataset and 6 outliers were removed the patient-only dataset using sample-wise connectivity z-scores. Batch effect correction was performed using ComBat from the sva package (24) . Probes were filtered by detection score and unannotated probes were dropped. Duplicate probes for the same gene were dropped using the maxMean method with the collapseRows function (25) from the WGCNA package, which only keeps probes with the highest mean expression across all of the samples. After all probe filtering steps, 16 099 probes were used for analysis of the full dataset, and 15 198 probes for the patient-only dataset.
Removal of confounding covariates
Age and sex were found to be collinear with disease status (Supplementary Material, Fig. S1 ). To account for this, the effects of both covariates were fitted and removed using the median posterior estimates from linear models for each gene made with the BayesFactor package (26, 27) .
Differential expression
Differential expression between patients, carriers and controls was assessed using Bayesian model comparison on linear models for each gene generated with the BayesFactor package (26, 27) . Bayesian model comparison produces Bayes factors (BFs) instead of P-values for assessing significance. A BF is the ratio of the probabilities of two models, and reflects the amount of information gained in terms of variance explained when adding one or more variables to a model. Because age and sex were already removed due to collinearity, only disease status and RIN were available to use as variables. The full model containing the intercept, disease status and RIN was compared with the null model containing only the intercept and RIN. BFs were logtransformed to log BFs to place them on a more practical scale (28) , and a log BF of 0.5 was used as a cut-off for significance of the alternative model to the null model (29) . Although we are fitting a separate model for each gene and thus running thousands of tests, BFs do not require adjustment for multiple comparisons because they are model comparisons (26) .
Posterior estimates of the regression coefficients were generated using 10 000 iterations of Monte Carlo Markov chain sampling with a random seed set to 12 345 to guarantee reproducibility. We then specified three contrasts: patientcontrol, patient-carrier and carrier-control. For contrasts, the posterior samples were subtracted from each other in the order specified to produce an estimate of the difference in expression between the two groups. The median of this estimate was treated as the log fold change (log FC). The pp of the pairwise comparison being in the same direction as the log FC was defined as the number of posterior samples that were non-zero and had the same sign as the log FC.
The Bayesian FDR for each pairwise comparison is 1 À pp of the comparison, so we used a pp of 0.95 as our threshold for pairwise significance, so that the FDR for individual genes would be less than 5%. The global FDR for a pairwise comparison was computed by taking the mean of the FDR values for all of the genes that were found to be significantly DE for that comparison (adapted from 30, 31).
Regression with functional disability stage and other phenotypic measures
Several phenotypic measures were available in a large subset of the FRDA patients (n ¼ 308), including FDS from the FARS, the shorter of the two GAA repeat expansions (GAA1), and the disease duration (the difference between age of onset and age at draw). Patients that were compound heterozygotes, with one loss-of-function FXN variant on one allele and a repeat expansion on the other, were excluded from this analysis. Age was found to be collinear with all three measures (Supplementary Material, Fig. S2 ) and was removed using the same linear modeling with BayesFactor described previously.
Similar to the approach used for differential expression, linear models for each gene were fitted using BayesFactor. The full model containing the intercept, the continuous phenotype (FDS, GAA1 or disease duration), sex and RIN, was compared with the null model without the continuous phenotypes and log BFs were computed. Posterior estimates of the coefficients were generated using the same parameters described above, and posterior probabilities were defined as the number of samples in an estimate that were non-zero and whose sign was opposite that of the median estimate. The same thresholds of log BF > 0.5 and pp > 0.95 were used to assess significance of the linear relationship between gene expression and the continuous phenotypes, and the global FDR was computed as described for differential expression.
Gene coexpression network analysis
Weighted gene co-expression network analysis (WGCNA) was run on (1) the full set of samples; and (2) the subset of patients with complete phenotypic information described above. Only batch effect was removed using ComBat, as the network construction step must be performed on data that has not any source of biological variation removed. The pipeline from the WGCNA package was used as reported previously (9) . A signed network with a soft power of 6 was generated, and a module dissimilarity threshold of 0.2 was used to merge correlated modules. Hub genes were identified in network modules using scaled connectivity, the ratio of a specific gene's within-module connectivity to the maximum within-module connectivity in that module.
Eigengene values, summarizing gene expression within each module, were compared across disease status using the same linear model approach described for differential expression, with age and sex being regressed out before fitting the final models. Posterior estimates of the model parameters were generated using the same parameters as described previously. Similar to the approach used for genes, module eigengenes with a log BF > 0.5 when comparing the alternative model to the null were considered different across conditions, and pairwise comparisons were also considered significant if their 95% credible intervals did not overlap. For regression with continuous phenotypes, the same linear modeling, removal of age effect and posterior estimation as that described for regression of genes was used with the module eigengenes. An eigengene with log BF > 0.5 was considered to have a significant linear relationship with the continuous phenotype.
Overlap with other datasets
We compared our results with two other human datasets from Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/): GSE11204 (32) and GSE30933 (33) , as well as a dataset generated on a novel mouse model of frataxin deficiency (8) . The same workflow used to identify DE genes in our data was applied to these datasets, with adjustments made to account for platform differences. Complete descriptions of the datasets and analytic procedures are available in the Supplementary Material. Enrichment was tested using the log BF computed from a hypergeometric overlap test (34) implemented in BayesFactor.
Cell type deconvolution
Cell type deconvolution was performed using the quadratic programming method (35) implemented by the CellMix package (13), which provides a peripheral blood dataset (14) that can be used to estimate proportions of cell types in transcriptomic data. Deconvolution was run on the raw, unprocessed array data as recommended, although outliers were removed so that only the samples used in the final analysis were used to compute cell type proportions. The proportions were separately estimated in the full group of patients, carriers and controls, as well as the subset of patients used for phenotype regression.
The significance of differences in proportions of cell types across patients, carriers and controls was separately assessed for each cell type using the same Bayesian model comparison and pp estimation described for differential expression. The effects of age and sex were removed by linear regression from the raw expression data before running CellMix as described for differential expression, as both variables were confounded with disease status. The significance of regression of FDS with cell type proportion was also determined using the same Bayesian model comparison and pp estimation described for differential expression. The effect of age was removed by linear regression from the raw expression data before running CellMix as described for phenotype regression because it was collinear with FDS.
Gene set annotation
Enrichment of genes for specific ontologies and pathways was analyzed using the following datasets downloaded from Enrichr . Enrichment scores were computed using a log BF obtained using the same hypergeometric contingency table implemented in BayesFactor (34) used for overlap testing.
qPCR validation
Taqman qPCR was used to validate expression changes observed for the top three genes, in 32 patients and 32 age-and sex-matched controls. 8/32 (25%) patients and 11/32 (34%) controls were new subjects that had not been studied previously, therefore in addition to being a technical validation, this is also partly a biological confirmation of our findings. RNA was converted to cDNA using the Invitrogen Superscript III First-Strand Synthesis System. The TaqMan TM Gene Expression Assay was then used to detect gene expression in the following three target genes: MMP9 (Taqman, Hs00957562_m1), ANPEP (Taqman, Hs00174265_m1) and DYSF (Taqman, Hs01002513_m1). RPLP0 (Taqman, Hs99999902_m1), GAPDH (Taqman, Hs02758991_g1) and b-Actin (Applied Biosystems, 4326315E) were used as reference genes. Three technical replicates were performed for each reaction, resulting in nine replicates for each biological sample, for a total of 576 PCR amplifications. The real-time PCR was carried out on a LightCycler 480 (Roche) instrument and the C t values were retrieved using the instrument software.
C t values for the three targets genes and three reference genes were normalized to a dilution curve as described previously (38) and outliers were identified and removed in two steps. First, data were standardized by subtracting the mean and dividing by the median absolute deviation for each pair target and reference genes separately (i.e. only MMP9 with RPLP0 as reference). Any reaction with a standardized score with absolute value great than 2 was excluded, resulting in a total of 44/ 576 MMP9 reactions, 43/576 ANPEP reactions and 50/475 DYSF reactions being excluded. After removing these outliers, the median value across all remaining technical replicates for each gene in each subject was computed. Median expression values per subject were again standardized by median and MAD and any subject whose standardized score had an absolute value greater than 2 was excluded. This resulted in 6 subjects being excluded for MMP9, 1 subject for ANPEP, and 8 subjects being excluded for DYSF. The significance of the difference in expression between patients and controls for each gene was assessed using the Mann-Whitney U-test because the expression values were not normally distributed. Data from corresponding arrays was processed using the same array preprocessing pipeline as described previously, except that age and sex were not regressed out because they were no longer confounded with disease status.
To maintain consistency with the qPCR analysis, the MannWhitney U-test was also used to assess the significance of the differences between patients and controls for each gene in the array data. For 9 patients and 11 controls, the array used was from a different time point than the one analyzed in the original DE analysis, providing both technical and biological validation for those subjects.
Data Availability
All raw gene expression data is available for download in NCBI Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/gds) under accession number GSE102008. An interactive differential expression analysis interface for the data is available in the REPAIR database (https://coppolalab.ucla.edu/account/login). Finally, interactive visualizations of our network analysis are available on our website (https://coppolalab.ucla.edu/gcla bapps/nb/browser?id=FRDA_Gene%20Expression%20Network% 20-%20Diagnosis;ver=, https://coppolalab.ucla.edu/gclabapps/ nb/browser?id=FRDA_Gene%20Expression%20Network%20-% 20FDS;ver=).
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